Abstract: Terrestrial biosphere carbon dynamics are the most uncertain elements of the global carbon budget. Carbon stocks estimated using spatially-extensive remote sensing are crucial in reducing this uncertainty, and using these stocks as initial conditions to biosphere models can improve carbon flux predictions beyond the site level. Yet remote sensing data are not always consistently available for large regions, so methods assessing carbon uncertainty using data sources in one location may not be transferable to another. This study assesses the use of multiple-source data from lidar, radar, imaging spectroscopy, and national forest inventories to derive forest structure and composition necessary to initialise the Ecosystem Demography model (ED2), and hence evaluate short-term carbon flux uncertainty over Harvard Forest, Massachusetts. ED2 was initialised using forest structure and composition derived from lidar and national forest inventories, radar and national forest inventories, lidar and imaging spectroscopy, and radar and imaging spectroscopy resulting in net ecosystem productivity uncertainty of 26.3%, 41.9%, 19.6%, and 20.2% respectively compared to ground-based forest inventory initialisations. This study uniquely offers a multitude of methods to estimate forest ecosystem state, with resulting carbon uncertainties, transferable to regions with potentially different data availability. Furthermore, in preparation for satellite radar, lidar and imaging spectrometer, this study highlights the importance of combining techniques deriving forest structure and composition at different scales, binding regional to potentially global carbonfluxes with remote sensing, reducing this uncertainty source in global climate models (GCMs).
Introduction
Determining terrestrial carbon stocks is essential in managing deforestation and forest degradation and in improving predictions of ecosystem changes in response to climate change (Friedlingstein et al. 2006 , Michalak, et al. 2011 UN-REDD, 2011) . To date, the largest uncertainties in the global carbon budget are in its terrestrial components (Schimel et al. 2001 , Le Quéré et al. 2016 , with predictions of ecosystem responses to climate change using terrestrial biosphere models also suffering high uncertainty (Friedlingstein et al. 2006; Huntzinger et al. 2012; Ahlström et al. 2012) . Much of this uncertainty of terrestrial biosphere modelling comes from process and parameterization error, inaccuracies in the current model equations and model parameter values; forcing error, errors in the meteorological information; and initialisation error, errors in the initial ecosystem state. Terrestrial biosphere models can incorporate information on the current ecosystem state (Medvigy et al. 2009; Antonaraks et al. 2011) , and with local climatic and edaphic information (Desai et al. 2010) , can make predictions of carbon, water, and energy fluxes at a variety of scales. Yet, information on the initial condition has traditionally come from ground-based inventories of the plant canopy within small sample plots.
Remote Sensing instruments have the ability to indirectly estimate biomass at well resolved spatial scales (Koch 2010; Naesset et al. 2015; Lu et al. 2016) . Radar has the ability to penetrate canopies of different densities depending on the wavelength of the emitted pulse. Regression techniques based on backscatter amplitudes of single or multiple polarisations, have been commonly used for forest biomass estimation (Ranson & Sun 1994; Dobson et al. 1995; Hoekman & Quiriones 2000; Saatchi et al. 2007) . The accuracy of biomass estimations from radar backscatter are dependent on the wavelength (C,L,P), polarization (HH,HV,VV,VH), incidence angle, terrain and dielectric properties. L and P-band radars as opposed to C-band radars can reflect from branches, trunks, and ground, and are more suitable for high biomass stands, i.e. have better saturation capabilities in dense stands. Recent studies such as and Ahmed et al. (2014) have diverged from single polarisation and single coefficient regression equations to improve biomass accuracy. Interferometric radar, providing estimates of canopy height, has also been used to increase the accuracy of biomass estimation Le Toan et al. 2011) . Lidar has less of a saturation issue with high stand density, but can be spatially limited in both airborne and satellite platforms. Lidar instruments with their power in vertical profiling have been used to estimate biomass. This has first been through discrete return lidar (Nelson et al. 1988; Means et al. 1999; Popescu et al. 2003; Asner & Mascaro 2014) , based on identifying individual tree features such as treetop position and height, or by defining average height or canopy top metrics. Full waveform lidar components both from airborne and satellite platforms have also been used to estimate biomass (Drake et al. 2002; Lefsky et al. 2005; Saatchi et al. 2011; Baccini et al. 2012) , using regression techniques based on height and return energy metrics such as HOME (height-of-median-energy), H100 (top of the canopy), H10 to H90 (10% to 90% of height above ground), or Lorey's height (basal-area weighted height). Studies have also been done combining lidar and radar data (Tsui et al. 2013; Lu et al. 2016) , where lidarderived biomass can act as a virtual field/validation dataset to create a wall-to-wall biomass using radar data, or by combining return signals in a regression equation. Multispectral and imaging spectrometer data have been used to determine biomass through linking with radar or lidar (e.g. Nelson et al. 2009; Swatantran et al. 2011) . Imaging spectroscopy has recently emerged as a useful approach for producing more resolved estimates on ecosystem composition in the form of plant species or plant functional types (e.g. Martin et al. 1998; Goodenough et al., 2003; Kokaly et al. 2003; Lucas & Carter 2008) .
Remote sensing has been used to test, validate or constrain output from terrestrial biosphere models. Airborne radar-derived structure has been used to initialise terrestrial biosphere models such as Zelig (Ranson et al. 2001 ) and the Sheffield Dynamic Global Vegetation Model (Le Toan et al. 2004 ) mostly as a diagnostic tool to determine where land use history was accurately represented. Airborne lidar-derived structure has been used to parameterise canopy photosynthesis models (e.g. Kotchenova et al. 2004 , Yang et al. 2010 , Chasmer et al. 2011 . The Ecosystem Demography model (ED2) is a particularly powerful terrestrial biosphere model as it can simulate vegetation dynamics of individual trees of a particular size and plant functional type, incorporating the full spatially heterogeneous ecosystem state measured in forest inventories. Hurtt et al. (2004) , Thomas et al. (2008) , and Antonarakis et al. (2011) have used ED2 adjusting sub-tile outputs from potential vegetation runs with lidar heights, improving carbon fluxes and dynamics. Antonarakis et al. (2011) also indicated that initialisations based on biomass were better than height at estimating carbon fluxes and dynamics.
Remote sensing data are not always consistently available across large regions, so methods assessing carbon uncertainty using e.g. lidar and imaging spectroscopy in one location may not be transferable to another location with only lidar. This study assesses the use of multiple source data from lidar, radar, imaging spectroscopy and national forest inventories to derive forest structure and composition necessary to initialise the size-structured ED2 model, and hence evaluate short-term carbon flux uncertainty over Harvard Forest, Massachusetts. This study for the first time provides a multitude of methods, with resulting carbon uncertainties, which are transferable to regions with different radar, lidar, imaging spectroscopy and national forest inventory data availability. Harvard Forest is an ideal site for this investigation, due to its diverse coverage of remote sensing and field data and long-term monitoring of carbon fluxes.
Furthermore, the desire to accurately assess carbon stocks and dynamics is accentuated by near future satellite instruments such as HyspIRI (Hyperspectral Infrared Imager), EnMAP (Environmental Mapping and Analysis Program), GEDI (Global Ecosystem Dynamics Investigation Lidar), IceSAT 2 (Ice, Cloud, and land Elevation Satellite 2), BIOMASS (P-band radar), and NISAR (L-band NASA-ISRO Synthetic Aperture Radar).
Methodology
For this study carbon flux uncertainty is assessed using initial forest conditions derived from lidar and national forest inventories, radar and national forest inventories, lidar and imaging spectroscopy, and radar and imaging spectroscopy. A full description of the initial forest condition in ED2 (see also section 2.7) requires first estimating tile-level above-ground-biomass, and then sub-tile tree density and plant functional type composition. Only a recent method by Antonarakis et al. (2014) fusing waveform lidar (Lid) and imaging spectroscopy (IS) was able to derive the full triad of aboveground-biomass distributions by tree size-class and plant functional type composition (called Lid&IS in this study). Radar, not providing a full vertical foliage profile, has not yet be fused with imaging spectroscopy in this way, so a second method linking active remote sensing and imaging spectroscopy was developed. First, using radar or lidar, tilelevel above-ground biomass (AGB) is determined from multivariate and univariate regressions based on variables extracted from lidar, similar to e.g. Lefsky et al. (2005) and Baccini et al. (2012) , or from UAVSAR L-band cross-and co-polarised radar backscatter. Then lidar or radar AGB spatial-distributions are linked to forest composition derived using spectral mixture analysis on imaging spectroscopy and tree density defined using outputs from ED2 potential vegetation (PV) runs (called Lid-PV/IS & Rad-PV/IS in this study). A third method recognizes that for some locations, imaging spectroscopy may not be available. Here, sub-tile conditions are created by linking lidar or radar AGB spatial-distributions to tree density and forest composition from the USDA forest inventory and analysis (FIA) plots (called Lid-FIA & Rad-FIA in this study). A flowchart illustrating the methods used to derive initial conditions is presented in Figure 1 . Finally, ED2 is initialised using estimates of AGB size-class distributions at three sites at Harvard Forest, Environmental Measurement Site, Hemlock, and Little Prospect Hill, to estimate short-term carbon fluxes. All estimates of AGB and carbon fluxes are compared to ground-based estimates and initialisations.
Remote Sensing Instruments
Full waveform airborne lidar measurements used in this study come from the Laser Vegetation Imaging Sensor (LVIS) calibrated spectral bands from 400-2500 nm . Atmospheric correction and the conversion of AVIRIS radiance to reflectance was performed using the Fast Line-of-sight Before deriving above-ground biomass from radar, pixel area effects from topographic variation and the incidence angle dependence of radar backscatter were removed following the methodology of Ahmed et al. (2014) . The EMS censuses measure all trees larger than 10 cm in diameter at breast height (dbh) in 34 10 m radius circular plots (1.07 ha) since 1997 onwards (Munger & Wofsy 1999) , with an understory census in 2005 for trees between 1-10 cm dbh. The AGB at the EMS site was 10.77 kg C m -2 in 2003 and around 11.55 kg C m -2 in 2009 of which around 77% were midsuccessional hardwoods, 5% were early-successional hardwoods, 4% were late-successional hardwoods, 7% were early-successional conifers, and 7% were late-successional conifers. The HEM forest inventory (Foster & Barker-Plotkin 1999 ) is comprised of a single 0.72 ha rectangular plot in which all trees greater than 5 cm dbh were censused in 1990, 1999, 2009 . The AGB at the HEM site was 8.47 kg C m -2 in 1999 and 9.00 kg C m -2 in 2009 of which around 18%
Study Area and Forest Inventories
were mid-successional hardwoods, 2% were early-successional hardwoods, 1% were latesuccessional hardwoods, 28% were early-successional conifers, and 51% were late-successional conifers. The LPH forest inventory (Hadley 2009) 
Where sw is the sapwood to leaves ratio, fr is the fine roots to leaves ratio, 1 , 2 , 1 , 2 are exponents of the power functions relating to leaf and stem biomass, ( , ) is the tree density (n) of tree size z of each PFT i, and h is the tree height. Values of constants related the Equations 1-5 are given in Table 1 .
Above-Ground Biomass from Lidar
Above-ground biomass (AGB) is measured from waveform lidar components using single and multiple regressions. The lidar components extracted are H100, H100 2 , H10, H25, H30, H40, HOME (height-of-median-energy), H60, H75, H90, and CANOPY_DEPTH. H10 to H100 are heights in the waveform at which the cumulative energy percentile is reached;
CANOPY_DEPTH is the height between the tree top and the smoothed last point of inflection before the ground return. The singe variable related to ground-based carbon stocks with the lowest RMSE (root-mean-square-error) is chosen for the single regression. The best multiple regression is achieved using the stepwise regression method, both backward and forward. AGB is estimated for 2003 and 2009 LVIS data, where the 2009 data was not used in the statistical training, and can therefore be considered a testing dataset.
Above-Ground Biomass from Radar
A multivariate regression approach is used to relate above-ground biomass and polarimetric backscatter. Similarly to Saatchi et al. (2011) the three radar polarisations (HH, HV, VV) with backscatter in decibels were related to AGB as:
Where the unknown coefficients (β0, β1, β2, and β3) and exponent (λ) are determined statistically using allometrically derived biomass values from forest inventories, and then comparing to L-
band UAVSAR backscatter values (σ in dB)
. A secondary method is tested using the biomassbackscatter model given in Hensley et al. (2014) and Ahmed et al. (2014) as:
Where σp is the radar backscatter (in m 2 m -2 ) of the different polarisations and the coefficients (A, B, C) are determined statistically using biomass values from forest inventories. This method tested the best relationship for individual polarisations.
Forest Composition from Imaging Spectroscopy
This follows the method developed in Antonarakis et al. (2014) and is briefly explained here. Antonarakis et al. (2014) developed a non-statistically calibrated method of deriving forest structure and composition combining lidar and imaging spectroscopy, and did not explicitly deal with AGB uncertainty. The relative abundance of the five different plant functional types (PFTs) was determined from AVIRIS using Multiple Endmember Spectral Mixture Analysis (MESMA) (Roberts et al. 1998) . MESMA allows the number of pure pixels (end-members) initially defined as belonging to a PFT to vary during the un-mixing process on a pixel-by-pixel basis. Endmembers in this study were selected over ground plots whose over-story was dominated by one of the five PFTs. The resulting abundance of the different plant functional types is estimated in terms of percentages within each pixel. Plot-level errors in composition abundances were 15%, 17%, 4%, 20%, and 8% for the 5 PFTS of early and late successional conifers, and early, mid and late successional hardwoods. Site level errors at EMS, HEM, LPH, and PLN were 4%, 8%, 4%, 14%, and 7% for the five PFTs.
Above-Ground Biomass from Lidar & Imaging Spectroscopy Fusion
The relative abundance of the five different PFTs was determined as in the previous section (Section 2.5). Leaf Area Index profiles of each lidar pulse of PFT i and location x (LAI (ℎ, )) was estimated using the lidar gap fraction (P(ℎ, )) determined from Ni-Meister et al. (2001) and the clumping factor (γ).
Where ( ) is the relative abundance of PFT i at location x, as estimated from the imaging spectrometer. The clumping factor for hardwood PFTs is estimated as 0.93 (Ryu et al. 2010) , and for conifers as 0.74 (Ryu et al. 2010; Yang et al. 2010) . The LAI profile for each PFT calculated from (1) are then used to estimate the stem density profile of each pulse (ℎ, ):
Where SLA i and B i leaf are the specific leaf area and leaf biomass of PFT i. To estimate AGB, the tree density with height (n i (h,x)) of each PFT i was translated into a corresponding diameter size distribution (n i (z,x)) using the height-to-diameter function DBH = 10 (b1xh+b2) used in the ED2 model, where the coefficients (b1) and (b2) 
ED2 Biosphere Model
The ED2 (Ecosystem Demography) Model is an integrated terrestrial biosphere model calculating the exchange of carbon, water, and energy, incorporating hydrology, land-surface biophysics, vegetation dynamics, and soil carbon and nitrogen biogeochemistry (Moorcroft et al. 2001; Medvigy et al. 2009 ). ED2 utilises a set of size-and age-structured partial differential equations that track the changing structure and composition of the plant canopy. The model is first divided into grid cells that experience the same meteorological forcing specified either from a meteorological forcing dataset or from the boundary conditions of an atmospheric model. Each grid cell is subdivided into a number of horizontal tiles representing areas of forest that share a similar vegetation canopy structure and disturbance history. Finally, the state of the above ground ecosystem is described within each tile by the density of individual trees of different sizes, for a series of plant functional types. Each plant functional type also differs in terms of its leaf physiology that results in different rates of growth and mortality and sensitivity to environmental conditions. Accordingly, to initialise the ED2 model (t0), sub-tile level or cohort level individual tree size, density, and PFT information is needed (i.e. ( , , 0 )), as well as the tile level, or landscape-scale age distribution ( ( , 0 )) that shares a similar vegetation canopy structure and disturbance age (a). Each tile contains multiple cohorts. The landscape-scale age distribution is linked to canopy structural attributes, such as canopy height and above-ground biomass. The landscape-scale age distribution of AGB at the beginning of a simulation in ED2
can be defined as AGB ( , 0 ) ( , 0 ), where AGB ( , 0 ) is the above-ground biomass related to the canopy-gap age at the beginning of the simulation.
AGB size-class distributions and ED2 Biosphere Model Initialisations
A flowchart illustrating the remote sensing inputs and resulting initial conditions needed to produce predictions of carbon fluxes using the ED2 biosphere model, are presented in Figure 1 .
Remote sensing-derived AGB values from lidar or radar in this study are considered tile-level distributions with space. Cohort-level descriptions of forest density and composition ( ( , ))
are then needed to describe the full size-class distribution necessary to initialise ED2. This is achieved, in the first instance assuming that imaging spectroscopy may not be available, using the US forest service's Forest Inventory and Analysis ( Active remote sensing and imaging spectroscopy can derive forest structure and composition attributes. Lidar and imaging spectroscopy were fused in Antonarakis et al. (2014) deriving the full triad of aboveground-biomass distributions by tree size-class and plant functional type composition necessary to initialise ED2. Yet, currently radar has not been fused to imaging spectroscopy in such as way due to it needing multiple vertical profile. This means that radarderived AGB and imaging spectroscopy-derived forest composition still lack the cohort-level descriptions of individual tree sizes. This is resolved in this study by using output from ED2 potential vegetation simulations. Studies like Hurtt et al. (2004) , Thomas et al. (2008) , and Harvard Forest is not representative of the current forest composition, but is in fact a monodominant stand of early successional pines ( Figure S1 ). Therefore for this method, the first step was to use current forest composition derived at the plot/tile-level within each of the three flux towers using AVIRIS imaging spectroscopy as defined in Section 2.5. The second step was to attribute each individual plot with cohort-level (sub-tile) descriptions of individual tree sizes using output from PV runs. Here, PV runs for 250 years were initialised from near-bareground with observed climate forcing, but with each of the 5 PFT separately. Individual PFTs rather than a combination of PFTs were chosen due to that tree size class distributions are dependent on composition, and that the resulting competition between multiple PFTs in ED2 resulted in monodominant stands. I.e. using the current parameterization in ED2, conifers wholly outcompeted hardwoods within 100 years of simulation, as do early-successional conifers outcompete latesuccessional conifers, and early-successional hardwoods outcompete mid and late successional hardwoods. This means that AVIRIS derived fractional composition would not be able to adjust a multiple-PFT PV run outputting just a mono-dominant stand. Therefore, in this second step, each plot within a flux tower site was attributed cohort level tree descriptions of individual tree sizes from a single PFT potential vegetation run, dependent on its dominant PFTs derived from AVIRIS at that location. Finally for this method, the third step was to adjust the distribution of AGB from all plots/tiles within a flux tower site, derived from PV runs and AVIRIS forest composition (i), with active remote sensing (lidar/radar) estimated AGB distributions: drainage lower boundary condition. The soil carbon was set to consistently be 5.8 kg C m -2 (Medvigy et al. 2009; Antonarakis et al. 2014) . All simulations were assumed to experience the same climate forcing, the climate forcing was sequentially recycled for historical spin-ups, and all simulations had the same parameterization. Site level average AGB is also presented in Table 2 AGB size class distributions used to initialise the ED2 model over the EMS, LPH, and HEM sites are presented in Figure 4 . This is for the ground-based forest inventory (Fig 4a) , the lidar/imaging spectroscopy fusion method (Fig 4b) , the lidar multiple regression and radar multiple polarisation AGB combined with FIA size class distributions (Fig 4c,d) , and the lidar and radar derived AGB combined with imaging spectroscopy-derived forest composition and tree density defined using outputs from potential vegetation runs (Fig 4e,f) . Note that the lidar and radar AGB linked to output from a multiple PFT Potential Vegetation run is shown in the supplement ( Figure S1 ), and was dominated by early successional conifer, outcompeting other PFTs within 100 years.
Results

Above-ground biomass estimates
Carbon Fluxes
Initial conditions using lidar and national forest inventories, radar and national forest inventories, (Table S1 ), and initialisations using AGB size class distributions from lidar and radar linked to output from a multiple PFT Potential Vegetation run are shown in Figure S2 .
The 6-year average NEP (Fig 5a-c Table 3 ). The 6-year average GPP (Fig 5d-f Table 3 ), and 15.5% uncertainty in GPP.
Discussion
This study assesses the use of multiple source data from lidar, radar, imaging spectroscopy, and national forest inventories to estimate current and predicted future carbon uncertainties at a temperate forest site. Current carbon stocks were estimated using regression methods 
Above-ground biomass estimation
In this study, remote sensing techniques were used to estimate plot level, site level, and regional AGB. The closest plot level estimates of AGB resulted from the lidar multiple regression method (see Table 2 ) The closest site level estimates of AGB resulted from the lidar and imaging spectroscopy fusion method (L&IS). This follows that the lidar multiple regression method was calibrated at the plot level, while the L&IS method was manually compared to ground-based site-level data. Radar derived AGB performed worse than the other methods at both spatial scales. The L-band radar derived AGB saturates above a range from 7-8 kg C m -2 , comparable to the 7.5-10 kg C m -2 range given in Saatchi et al. (2011) . considering the whole Prospect Hill region (Fig 3) . The ground plots themselves showed an increase of 0.37 kg C m -2 . This decrease in accuracy in 2009 (Table 2 and Figure 2 ) and the underestimation of AGB change, may be a result of training and testing accuracies, but may also 
Carbon Fluxes
Initialising the ED2 model with both remote sensing constrained forest structure and composition estimates results in NEP values close to ground-based initialised fluxes (Figure 5a ,b,c and Table 3 
Conclusion
This study for the first time compares methods deriving initial forest conditions assessing their resulting current and predicted carbon uncertainties, which are transferable to regions with different data availability, i.e. radar, lidar, imaging spectroscopy, and national forest inventories.
The accurate estimation of current and future forest carbon beyond flux-tower footprints, requires efforts integrating available remote sensing datasets and forest inventories with ecosystem models. This need for uncertainty reduction in carbon estimates is especially urgent to meet national and local requirements of carbon mitigation agreements (Poulter et al. 2015) . recent study by Antonarakis (2014) showed at Harvard Forest, that the uncertainty in NEP is linear with the uncertainty in forest structure, i.e. a 5, 10, 20, 50% error in forest structure resulted in 5, 12, 21, 52% error in NEP. An uncertainty in the forest composition adds to the resulting NEP uncertainty. In this study, the forest composition uncertainty from imaging spectroscopy was around 8% (see section 2.5). Using FIA, the forest composition uncertainty rose to 23%. Using FIA plots, even if not directly underlying remote sensing pixels, can be valuable as they provide current tree size distributions and PFTs in a 5-10 km 2 area, yet cannot adequately describe composition heterogeneity within a 5-10 km 2 area (e.g. HEM and EMS).
Therefore, if imaging spectroscopy is available as opposed to using FIA-based composition, combining remote sensing techniques deriving current forest structure and composition can further reduce carbon flux uncertainty by up to 22% as shown in this study.
The lidar and imaging spectroscopy fusion method developed in Antonarakis et al. (2014) provides the closest estimates of both current and future carbon fluxes, due to the combination of reduced uncertainty in deriving forest structure and composition. Yet, this relies on co-spatial imaging spectroscopy and full waveform lidar, which is currently limited for both airborne and satellite platforms. Radar used in this study was UAVSAR which is an L-band instrument, and it is recognised that better biomass estimates may come from a P-band radar instrument or from a combination of P-band backscatter with radar interferometry (Le Toan et al. 2011) .
Interferometric radar providing a vertical canopy profile could be used in fusion with imaging spectroscopy to develop a full description of forest ecosystems as in Antonarakis et al. (2014) .
Accurately assessing regional to continental and global scale carbon stocks hinges on a) the availability of near-future satellite instruments such as HyspIRI, EnMAP, GEDI, IceSAT 2, and BIOMASS, and b) the success of observing and deriving metrics in different ecosystems from dense biodiverse tropical forests, to sparsely populated temperate and tropical savannas. These various techniques and methodologies presented in this study will prove important in constraining multi-scale estimates of current carbon stocks and how these terrestrial ecosystems will change in the future. Table 1 . Plant Functional Type attributes: specific leaf area (SLA), and the allometric coefficients of the diameter-leaf biomass (B leaf ), diameter stem biomass (B stem ) , and height-to-dbh relationships as well as the ratios of sapwood (q sw ) and fineroots (q fr ) to leaves. Height-to-dbh takes the form DBH = 10^(b1*H+b2). Information is from Antonarakis et al. (2014) and Medvigy et al. (2009) . Figure 1 .Flowchart illustrating the inputs and initial conditions needed to produce predictions of carbon fluxes using the ED2 biosphere model. These are through integrating Radar, Lidar, FIA, potential vegetation simulations, and imaging spectroscopy data to produce initial conditions. 
